In this paper, aiming at the emergency coverage for vehicular network, we consider the problem of resource allocation for unmanned-aerial-vehicle (UAV) enabled vehicular communications, where UAV work as a temporary cellular base station. Our objective is to maximize the sum achievable rate of vehicle-toinfrastructure (V2I) communications and ensure the reliability of vehicle-to-vehicle (V2V) communications by dynamic coverage provided by UAV. Firstly, through theoretical analysis, optimal transmission power expressions for cellular users (CUEs) and device-to-device users (DUEs) are given, respectively. Secondly, by utilizing 3-partite graph matching and Hungarian algorithm, we present two graph-based methods for spectrum sharing and resource block assignment of UAV enabled vehicular network. Moreover, considering the mobility of UAV, we adopt the Q-Learning algorithm to control the trajectory of UAV in order to adapt to the time-varying channel. Finally, the feasibility of the presented schemes are verified by simulation and compared to randomized matching scheme. The simulation results show that the sum achievable rate of V2I links increases with the increase of the maximum transmission power of CUEs and the interruption probability of V2V links, and decreases with the increase of the ratio of DUEs to CUEs and the minimum capacity requirement of single V2I link. Moreover, the sum achievable rate of V2I links is enhanced by controlling the trajectory of UAV in real time.
I. INTRODUCTION
In some emergent events, e.g., earthquake and typhoon, vehicles cannot communicate with the base station directly after disaster. At this time, unmanned-aerial-vehicle (UAV) can play the role of a temporary base station in a wireless communications system to service the vehicles [1] . UAV is superior to the existing terrestrial base stations in terms of convenient deployment, easy control, and variability of coverage area [2] . According to discussions about connected UAV in 3GPP Release15 [3] , a 100% line-of-sight (LOS) probability is assumed when UAV flies above a given height, which can provide better signal quality and greater throughput. Due to diverse application requirements of intelligenttransport-system (ITS), both vehicle-to-infrastructure (V2I) communications and vehicle-to-vehicle (V2V) communications need to be supported. V2I link can maintain stable The associate editor coordinating the review of this manuscript and approving it for publication was Mubashir Husain Rehmani. communications of vehicles [4] , whereas V2V communications can reduce the costs for transmission over cellular network [5] , and V2V link is more suitable for safety-critical applications. The existing technical solutions for vehicle-toeverything (V2X) communications include ad-hoc communications based on IEEE 802.11p standards and LTE-V2X communications based on LTE network. However, these two solutions need to be further improved to better meet the strict quality-of-service(Qos) requirements of vehicular communications [6] - [8] . By introducing device-to-device(D2D) technology into vehicular communications, the hop gain of D2D communications meets the low latency requirement of V2X communications, and the proximity gain of D2D communications meets the high reliability requirement of V2X communications [9] . In addition, considering UAV enabled vehicular communications, the establishment of D2D link can extend the coverage of UAV [10] .
Although there are many studies of UAV in wireless communication, e.g., UAV as base station [11] , UAV as relay [12] , and UAV as terminal [13] . As far as we know, little is known about UAV enabled vehicular communications except for the recent studies on vehicular ad hoc network (VANET) against smart jamming and routing protocol of UAV enabled vehicular network [14] , [15] . For instance, Xiao et al. [14] utilized UAV to relay the message of an onboard unit (OBU) and improve the communications performance of VANET against smart jammers, where the proposed scheme was proved to reduce the bit error rate of the OBU message effectively. Seliem et al. [15] proposed a routing protocol that used the infrastructure UAV for boosting VANET communications to achieve a minimum vehicle-to-UAV packet delivery delay, and the closed-form expression for the probability distribution of the vehicle-to-UAV packet delivery delay on a twoway highway was also given. Different from the studies of above two papers, we mainly consider the problem of joint resource allocation and trajectory control in UAV enabled vehicular communications.
Graph theory has been utilized to solve the resource allocation problem in wireless communications [16] - [19] . In [16] , interference relationships among different D2D and cellular communications links were formulated as a newly designed interference graph, and an interference graph-based resource allocation scheme was proposed to obtain a near optimal solution at the base station with low computational complexity. In [17] , the problem of cooperative communications for scheduling in vehicular networks was formulated as a problem of bipartite graph matching, and Kuhn-Munkres algorithm was adopted to achieve maximum weighted matching. In [18] , by modeling constrained radio broadcast scheduling into a constrained maximum weighted bipartite matching problem, this paper propose a branch-and-bound algorithm to solve the resource allocation problem in radio broadcast scheduling. By formulating the spectrum sharing problem as a weighted 3-D matching problem, Liang et al. [19] proposed a baseline graph-based resource allocation algorithm, a greedy resource allocation algorithm, and a randomized resource allocation algorithm to achieve the performancecomplexity tradeoffs. In this paper, we will also utilize the knowledge of graph theory to solve the problem of resource allocation.
In this paper, joint optimization of uplink resource allocation and trajectory control in UAV enabled vehicular network is studied, where UAV acts as a flying base station. Meanwhile, D2D technology is applied to V2V link to ensure reliable communication. UAV provides communications services for the vehicles with the help of resources of the adjacent cell. Adopting the concept of almost blank subframe in LTE [20] , data of vehicular communications transmits in these blank subframes. It is almost impossible to track fast changing channels in the vehicular network. Therefore, resource management is based on slow fading parameters and channel statistics rather than instantaneous channel state information (CSI) [21] . To support high bandwidth applications, we maximize the capacity of V2I links. And in order to achieve reliable communication between vehicles, the V2V link interruption probability is considered as a constraint. We formulate spectrum sharing and resource block assignment as a 3-partite graph matching problem. By utilizing k-partite graph matching theory proposed in [22] , and the Local Ratio algorithm proposed in [23] , the 3-partite graph matching problem can be solved. Besides, without considering the selection of resource block, the problem of V2I link multiplexing V2V link can be modeled as a bipartite graph matching problem, and Hungarian algorithm can be adopted to solve the problem. Moreover, mobility of UAV is exploited to further improve the sum achievable rate of V2I links. But we only consider four flight directions of UAV at a fixed height for convenience of description in this paper. Considering high propulsion power consumption and communications power consumption of UAV, tethered multi-rotor UAV is capable to provide communications guarantee for disaster areas to support long-time hovering [24] . The main contributions of this paper can be summarized as follows:
1) The resource allocation problem in UAV enabled vehicular network is studied for the first time. Referring to baseline graph-based resource allocation algorithm proposed by L. Liang et al. [19] , the problems of spectrum sharing and resource block assignment are modeled as a 3-partite graph matching problem and solved by k-partite graph matching theory and Local Ratio algorithm in this paper. 2) Considering the mobility of UAV, Q-Learning algorithm is introduced to control the trajectory of UAV in real time when the sum achievable rate of V2I links is regarded as a reward. And the trajectory of UAV is explored by simulation results by setting up a reasonable scenario. The remainder of this paper is organized as follows. Section II summarizes the related works on joint optimization of resource allocation and trajectory design. Section III provides a brief description of the system model and formulates the resource allocation problem. Graph-based schemes for resource allocation and Q-Learning algorithm for trajectory control of UAV are proposed in Section IV. In Section V, simulation results are presented and discussed. Finally, Section VI concludes this paper.
II. RELATED WORKS
There are some advanced works considering the issue of joint resource allocation and trajectory control for UAV enabled communications are presented by researchers [25] - [27] . In [25] , Li et al. decoupled the joint optimization problem into two subproblems, i.e., the optimal resource allocation for a given UAV trajectory and the trajectory optimization of UAV for a given resource allocation policy. The authors transformed the first subproblem into Lagrange dual problem to solve it, and obtain a suboptimal solution for the second subproblem by utilizing the difference of convex programming. Cui et al. [26] proposed a double-loop algorithm to solve joint optimization problem for NOMA based UAV communication systems with the aid of penalty dual decomposition technique. In the inner loops, the transformed augmented Lagrangian problem was solved via block coordinate descent method. In the outer loops, dual variable and penalty coefficient are updated according to the equality constraint violation. Sun et al. [27] investigated the resource allocation and trajectory design for multicarrier solar-powered UAV communication systems. The authors considered two cases, i.e., optimal offline resource allocation design by assuming non-causal knowledge of the channel gains and online resource allocation design which only requires causal CSI. The offline resource allocation problem was rewritten as a monotonic optimization problem, and solved by sequential polyblock approximation algorithm. For online resource allocation problem, the authors proposed a iterative suboptimal algorithm based on the successive convex approximation to strike a balance between computational complexity and optimality. These three papers are all about downlink resource allocation. Different from these three papers, this paper considers resource allocation of uplink and the users are vehicles. The paper divides the joint optimization problem into resource allocation and trajectory control. Besides, resource allocation subproblem is solved in two steps. The case of a single RB, a single V2I link, and a single V2V link is first considered, and we can get optimal transmission power of CUE and DUE. Then we adopt two graph-based algorithm, i.e., 3-partite graph matching and Hungarian algorithm, to solve the resource allocation problem with the case of multiple RBs, multiple V2I links, and multiple V2V links in polynomial time. When the UAV moves in any of four directions we defined, the distances between UAV and vehicles will be changed, which will affect the achievable rate of a single V2I link and the result of matching will changed accordingly. Therefore, the value of the sum achievable rate of V2I links will also be changed. We adopt Q learning algorithm to control the trajectory of UAV with the goal of getting bigger sum achievable rate of V2I links. But in order to balance exploration and exploitation, we eventually adopted -greedy policy.
III. SYSTEM MODEL
As shown in Fig. 1 , UAV is not only the user of cell 1, but also the service base station of UAV cell where the vehicles locate. We assume that cell 1 can provide enough resources required by the UAV cell. M vehicles establish V2I links (links between vehicles and UAV), which are recorded as CUEs (cellular users). And K pairs of vehicles constitute K V2V links, which are recorded as DUEs (D2D users). we denote the set of CUEs as ϕ = {1, 2, · · · , M } and the set of DUEs as ψ = {1, 2, · · · , K }. The total number of resource block(RB) is F, and the set of RB is denoted as ζ = {1, 2, · · · , F}. CUE m represents the m-th CUE in the V2I link. DUE k represents k-th DUE in a V2V link. RB f represents f -th RB. The uplink resource by orthogonal allocation for CUEs, i.e., those RBs, are reused by DUEs, which can increase spectral efficiency and reduce the burden of cell 1. A centralized resource allocation is performed by UAV, and the statistical characteristics of small-scale fading parameters are assumed to be known through periodical feedback or channel estimation. The notation of key mathematical symbols are given in Table 1 .
The channel coefficient, h C2U m,f , which defines the channel from CUE m to UAV over RB f , is written as
where g m,U ,f stands for fast fading factor obeying an exponential distribution with parameter of 1, β m,U is a random variable of shadow fading obeying log-normal distribution, L is the path loss constant, d is the distance between CUE m and UAV, α is the path-loss exponent factor. Symbol γ m,U is used to indicate the large-scale fading effects, i.e.,
k,f is the channel coefficient between DUE k vehicles over RB f . Then the SINR of V2I link for CUE m at UAV can be written as
and the SINR of DUE k at the receiver of V2V link is given as
where P C m,f is the transmission power of CUE m over RB f , and P D k,f is transmission power of DUE k over RB f . I m,f and I m,k are indicator factors. I m,f indicates that whether CUE m occupies RB f , and I m,k indicates that whether DUE k reuses CUE m resources. σ 2 is noise power.
The QoS requirements of V2I link is different from V2V link. V2I link requires large system capacity, and reliable communications between vehicles. Therefore, we maximize the sum achievable rate of all V2I links, and ensure the reliability of V2V links by setting the SINR threshold and the threshold of interruption probability. In addition, the achievable rate of a single V2I link also should satisfy the threshold requirement. Therefore, the optimization problem can be formulated as
where η D 0 , p 0 are the minimum SINR and interruption probability threshold for DUEs to establish reliable V2V links, respectively, r C 0 is the minimum achievable rate requirement for a single V2I link, P C max , P D max are the maximum transmission power of CUE and DUE, respectively. The constraint C 5 indicates that a RB can be occupied by one CUE at most, and C 6 indicates that each CUE will occupy one RB. C 7 indicates that a V2V link will reuse the uplink resource of one V2I link. C 8 indicates that V2I link can allow only one V2V link to sharing resource. Both I m,f and I m,k take value from 0 or 1. If the value of I m,f is 1, it means CUE m will occupy RB f . If the value of I m,k is 1, it means CUE k will share resource block with DUE k .
IV. RESOURCE ALLOCATION SOLUTIONS
Firstly, we consider the case of a single RB, a single V2I link, and a single V2V link. And the problem of resource allocation is simplified as
For C 1 , it can be further derived as
where λ =
Equation (7) shows that there exists a certain constraint relationship between the transmission power of CUE and DUE in order to meet the reliability requirements of V2V links. For ease of expression, let
Taking the predefined threshold as the interruption probability, we can get an equation relationship of the transmission power of CUE and DUE.
When k-th V2V link reuse m-th V2I link resources over RB f , the corresponding achievable rate of CUE m is recorded as C m,k,f , i.e.,
).
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By substituting (12) into (13), then get
Equation (14) shows that the sum achievable rate of V2I links increases with the transmission power of DUE on the premise of satisfying the reliability requirements of V2V links. Intuitively speaking, when the transmission power of CUE increases, the achievable rate of V2I link will increase. Considering the constraints of the maximum transmission power, the above analysis shows that the optimal transmission power of CUE and DUE are
is the transmission power of a CUE that satisfies (12) when the transmission power of the DUE is maximized. P
is the transmission power of a DUE that satisfies (12) when the transmission power of the CUE is maximized. If the transmission power of CUE and DUE are optimal, the corresponding achievable rate of V2I link will also get optimal value. Based on the above analysis and derivation, the resource allocation problem in the case of multiple RBs, multiple V2I links, and multiple V2V links can be formulated as follows:
where C * m,k,f denotes optimum. Next, we will consider the sharing of resource block for V2I links and V2V links. The hypergraph matching theory will be adopted to solve the problem, and we need to relax the equality constraints, i.e, C 6 and C 7 , before matching.
The linear programming problem for the weighted hypergraph matching problem is formulated as
where w e is the weight of hyperedge e ∈ E. δ (v) is the hyperedge set which containing vertex v. By graph theory, we construct ϕ, ψ, and ζ into three parts of a 3-partite graph. If the value of I m,f is 1, there is a connection between CUE m and RB f . If the value of I m,k is 1, there is a connection between CUE m and DUE k . 3-partite graph matching is based on hypergraph matching theory. There are three vertices in a hyperedge. If RB f , CUE m , DUE k constitute a hyperedge, then the corresponding weight of the hyperedge is C * m,k,f . V2I link occupies different RB and V2V link reuse the resource of different V2I link, which will form different hyperedge, and the corresponding hyperedge weight is therefore not equal. Our goal is to achieve the maximum weighted matching under the constraints of C 5 -C 9 .
Assuming that H = (V , E) represents a 3-partite hypergraph, V is the vertex set of the hypergraph and E is the edge set.
Algorithm 1 3-partite Graph Matching Algorithm
Find an optimal extreme point solution x to (19 x e ≤ 2. The 3-partite graph matching algorithm is summarized in Algorithm 1. N (e) denotes the set of hyperedges that intersect hyperedge e.
In Algorithm 1, step 1 and step 2 intend to find out the edges that can constitute the hyperedges of 3-partite graph and mark them with a serial number. The Local Ratio algorithm started in step 3 is a proximity search algorithm, based on the sequence number of the hyperedges provided by step 2. The output of Local Ratio algorithm is a 2-approximate solution of 3-partite graph matching, and the cost of matching is at least 1/2 of the optimal matching [22] . In other words, the Local Ratio algorithm does not achieve optimal matching, or even maximum matching. It is a NP problem to solve 3-partite graph optimal matching directly, whereas the Local Ratio algorithm can implement a 3-partite graph matching in polynomial time. However, in order to apply Local Ratio algorithm to the resource allocation problem above, it motivates us to make some modifications to the algorithm.
As Fig. 2 shows, this is a diagram of the resource allocation problem. If second V2I link occupys first RB, meanwhile, the K -th V2V link reuses the resource of second V2I link. Then RB 1 , CUE 2 and DUE K form a hyperedge, and the weight of hyperedge is C * 1 2,K . It is necessary to ensure that all V2I links are allocated, and all V2V links reuses the uplink resources of V2I links. Based on the matching found by the Local Ratio algorithm, the hyperedges with weights greater than the set threshold w 0 from G are added to the matching until all CUE and DUE vertices are saturated. And we improve the value of weight threshold when the maximum maching is ensured in order to approach closer to optimal matching.
The mobility of UAV can be exploited to enhance the channel conditions so as to make full use of the resources provided. We assume that UAV is floating on a fixed height H and has four flight directions. Two directions are parallel to the road, and another two directions are perpendicular to the road. When UAV moves in any direction, it will affect the channel power gain, which will further affect the achievable rate of the corresponding link and the result of resource matching. Therefore, Q-Learning algorithm is adopted to work out the optimal trajectory of UAV. Here, we adopt Q learning algorithm based on time difference. Four directions of UAV are considered as the action set, and recorded as A = {a 1 , a 2 , a 3 , a 4 }. The position of UAV is denoted as the state value, and the state at i timestep is recorded as s i = (x i , y i , H ). The sum achievable rate of V2I links is regarded as the reward value R. And in order to balance exploration and exploitation, we consider −greedy policy, i.e.,
If the generated random number is less than , a greedy strategy is adopted, i.e., UAV always chooses the action that can get the maximum reward value. Otherwise, UAV will select one of the four actions randomly. Q(s, a) denotes the expected maximum benefit of taking action a under state s, while R denotes the immediate benefit.
The formula for updating Q value based on time difference is (21) In this paper, we set the value α to 1. Therefore, the updated formula of Q value is simplified to
where s is the current state, and a is the current action. s is the next state, and a is the next action. γ is reward decay factor, and we set the value of γ to 0.9 in this paper. The Q learning algorithm is summarized in Algorithm 2. s 0 is the initial position of UAV.
Algorithm 2 Q-Learning Algorithm
Initialize s = s 0 , and Initialize Q(s, a) = 0. Set the value of to 0. Without considering resource block, the resource allocation problem can be modeled as bipartite graph matching problem, which can be solved by Hungarian algorithm. Hungarian algorithm is a combinatorial optimization algorithm for solving task assignment problem in polynomial time, and detailed algorithm refers to [28] . This is to say, only V2V link VOLUME 7, 2019 multiplexing V2I link will be considered. Then the problem of resource allocation can be formulated as
The derivation and analysis process similar to the 3-partite graph can be applied to the bipartite graph matching by referring to [28] , and we omit the detailed derivation and analysis process here.
Next, we will analyze the complexity of of two resource allocation algorithm, i.e., 3-partite graph matching algorithm and Hungarian algorithm. First, we need to calculate the optimal power of CUE and DUE to get the optimal achievable rate of single V2I link for all CUEs. For 3-partite graph matching algorithm, these steps will take O(FMK ). For Hungarian algorithm, these steps will take O(MK ). For the convenience of analysis, let us assume that F = K = M. As for 3-partite graph matching algorithm, it will take polynomial time to find optimal extreme point solution to (19) . Assume that we adopt binary tree to store hyperedges. When constructing matrix G, it will take O(M ) time to iterate over the set of hyperedges.
In each iteration, we need to find the hyperedges that satisfies x e ≤ 2, and add the hyperedges to the set of G as well as delete the hyperedges in set of E, which will take O(M 2 logM ). So the time complexity to construct matrix G is O(M 3 logM ). In Local Ratio algorithm, we need to iterate over the set of hyperedges and decompose the weight function, which will take O(M 3 ). At last, to search for hyperedges whose weight greater than w 0 based on the matching found by the Local Ratio algorithm, the time complexity is O(M ). Therefore, the total complexity of 3-partite graph matching algorithm is O(M 3 logM ). As for Hungarian algorithm, it will take O(M 3 ) time to solve the bipartite graph matching problem in the worst case.
V. SIMULATION A. SIMULATION PARAMETERS
In this section, the presented resource allocation algorithms in UAV enabled vehicular network will be validated by computational simulation.The LOS transmission model in WINNER+B1 [29] will be used as the path loss model of V2V link, and the LOS model in RMA-AV scenario of TR 38.901 [3] will be used as the path loss model of V2I link. Vehicle-related parameters will be referred to freeway case in TR 36.885 [30] , and UAV-related parameters will be referred to TR 38.901 [3] . Fig. 3 shows the CDF of sum achievable rate of V2I links for 3-partite matching algorithm and Hungarian algorithm. Fig. 4 shows that the sum achievable rate of V2I links decrease if SINR threshold at the receiver of V2V link increases. This is because the increase of SINR threshold at the receiver of V2V link limits the transmission power of CUEs. In Fig. 5 we can observe that the sum achievable rate of V2I links get larger when the interrupt probability threshold of V2V links increases, which is due to the fact that V2V links are more tolerant of interference from V2I links with higher interrupt probability threshold. Moreover, it can be seen from Fig. 4 and Fig. 5 that the sum achievable rate of V2I links increases as the maximum transmission power of CUE increases, because of larger allowed transmission power of CUE. Besides, it can also be seen from Fig. 4 and Fig. 5 that the sum achievable rate of V2I links with 3-partite matching algorithm is higher than randomized matching. And the result of comparison also shows the effectiveness of 3-partite matching algorithm.
B. SIMULATION RESULTS
As shown in Fig. 6 , the numerical results further illustrates the relationship between the sum achievable rate of V2I links and maximum transmission power of CUEs. The results in both Fig. 6 and Fig. 7 show that the sum achievable rate of V2I links decreases as Ratio increases, where Ratio refers to the ratio of the number of DUEs to the number of CUEs. The reason is that the interference caused by V2V links will increase if the number of CUEs increase relatively. The curves of Fig. 7 seem to indicate that when the achievable rate threshold for a single V2I link increase, the sum achievable rate of V2I links will increase. In Fig. 8 , however, this does not seem to be the case. This is because the sum achievable rate of a single V2I link is relatively large when UAV acts as a base station. If achievable rate threshold is set small, the result of matching and sum achievable rate of V2I links will not be affected by raising threshold for the achievable rate of single V2I link.
We set up a simple but reasonable simulation scenario to explore the trajectory of UAV using Q-learning algorithm in Fig. 9 , and the simulation result is shown in Fig. 10 . In order to better observe the trajectory of UAV, the number of vehicles in two directions on the freeway is set differently. From Fig. 10 , we can see that the UAV will change its position when the vehicle moves.
To further illustrate that the real-time trajectory control of UAV is beneficial, we compare the performance of UAV enabled vehicular network in two cases, i.e., controlling the trajectory of UAV according to real-time communications conditions and UAV hovering at a fixed height. We assume that the positions of vehicles obey poisson distribution. The simulation results are recorded in Table 4 .
Through observation, we can find that the sum achievable rate of V2I links in the case that the trajectory of UAV was controlled is larger than the case that UAV hovered at a fixed position. In other words, the result shows the effectiveness of the trajectory controlling for UAV.
VI. CONCLUSION
This paper considers UAV as a temporary base station in disasters to restore vehicular communications. The mobility of UAV is exploited to enhance the channel conditions. Whereas the power consumption of UAV is a challenge. The propulsion power consumption of UAV is usually higher than communications power consumption (e.g., hundred of watts versus a few watts) [31] . Although there is a tethered UAV, it limits the mobility of UAV to a certain extent. Therefore, energy-efficient UAV-enabled system design is desirable. And the 3-partite graph matching algorithm can be further extended in this paper. Our algorithm only achieve a maximum weighted matching for 3-partite graph, but not optimal.
